20
Heme is an iron ion-containing molecule found within hemoproteins such as hemoglobin and 21 cytochromes that participates in diverse biological processes. While its unlimited supply has been 22 implicated in deleterious processes in several diseases including malaria, sepsis, ischemia-23 reperfusion, and disseminated intravascular coagulation, little is known about its regulatory and 24 signaling functions. A majority of the computational research to elucidate these functions has been 25 purely data-driven due to the absence of curated pathway resources, which have proven useful in the 26 computational study in other indications. Here, we present two resources aimed to exploit this 27 unexplored information to model heme biology. The first resource is an ontology covering heme-28 specific terms not yet included in standard controlled vocabularies. Using this ontology, we curated 29 and modeled a corpus of 46 scientific articles to generate a mechanistic knowledge graph 30
representing the heme's interactome for that particular literature. Finally, we demonstrated the utility 31 of these resources by investigating the role of heme in the Toll-like receptor signaling pathway. Our 32 analysis proposed a series of crosstalk events that could explain the role of heme in activating the 33 TLR4 signaling pathway. In summary, the presented work opens the door for the scientific 34 community to explore in more detail the published knowledge on heme biology. 35 36 1 Introduction 37
Heme is an iron ion-coordinating porphyrin derivative essential to aerobic organisms (Zhang, 2011) . 38 It plays a crucial role as a prosthetic group in hemoproteins involved in several biological processes 39 such as electron transport, oxygen transfer, and catalysis (Warren & Smith, 2009; Zhang, 2011; 40 Poulos, 2014; Kühl & Imhof, 2014) . Besides its indispensable role in hemoproteins, it can act as a 41 damage-associated molecular pattern leading to oxidative injury, inflammation, and, consequently, 42 organ dysfunction (Jeney, 2002; Dutra & Bozza 2014; Wagener et al., 2003; Larsen et al., 2012) . 43 Plasma scavengers such as haptoglobin and hemopexin bind hemoglobin and heme, respectively, 44 thus keeping the concentration of labile heme at low concentrations (Smith & McCulloh, 2015) . 45 However, at high concentrations of hemoglobin and, consequently heme, the scavenging proteins get 46 saturated, resulting in the accumulation of biologically available heme (Soares & Bozza 2016 Here, we present two resources aimed to assemble mechanistic knowledge surrounding the 76 metabolism, biological functions, and pathology of heme in the context of selected hemolytic 77 disorders. The first resource is an ontology formalizing heme-specific terms not covered until now by 78 other standard controlled vocabularies. Furthermore, we present a heme knowledge graph 79 (HemeKG), i.e. a network comprising over 700 nodes and over 3,000 interactions as the first attempt 80 to start modelling the knowledge from a collection of more than 20,000 heme-related publications. 81
Finally, we demonstrate both resources by analyzing the crosstalk between heme biology and the 82 TLR4 signaling pathway. The results of this analysis suggest that the activation profile for labile 83 heme as an extracellular signaling molecule through TLR4 is not remarkably distinct from the one 84 established via LPS (lipopolysaccharide) as a signaling molecule and induces cytokines and 85 chemokines, however, the underlying molecular mechanism and individual pathway effectors are not 86 fully understood and need further exploration. 87
Materials and Methods 88
This section describes the methodology used to generate the mechanistic knowledge graph and its 89 supporting ontology. Subsequently, it outlines the approach followed to conduct the pathway 90 crosstalk analysis. A schematic diagram of the methodology is presented in Figure 1 . Evidence from the selected corpus was manually translated into BEL statements together with their 98 contextual information (e.g., cell type, tissue and dosage information). For instance, the evidence 99 "Heme/iron-mediated oxidative modification of LDL can cause endothelial cytotoxicity and -at 100 sublethal doses -the expression of stress-response genes" (Nagy et al., 2010) corresponds to the 101 following BEL statement: 102 SET Cell = "endothelial cell" 103 a(CHEBI:"oxidised LDL") pos bp(MESH:"Cytotoxicity, Immunologic") 104
Generation of a supporting ontology 105
During curation, an ontology was generated to support the standardization of domain-specific 106
terminology ontologies. Furthermore, we required that each entry had the following metadata: an identifier, a 112 label, a definition, an example of usage in a sentence, and references to articles in which it was 113
described. Furthermore, a list of synonyms was also curated in a separate file to facilitate the use of 114 the ontology in annotation or text mining tasks. The supporting ontology is included in the 115
Supplementary Files and can also be found at https://github.com/hemekg/ontology. 116
Analyzing pathway crosstalk between heme and the Toll-like receptor signaling pathway 117
Crosstalk analysis aims to study how two or more pathways communicate or influence each other. 118
While there exist, numerous methodologies designed to investigate pathway crosstalk, the majority of 119 these approaches exclusively quantify such crosstalk based on the overlap between a pair of 120 pathways without delving into the nature of the crosstalk (Donato et al., 2013) . In this section, we 121 demonstrate how combining the knowledge from HemeKG with a canonical pathway reveals 122 mechanistic insights on the crosstalk between two different pathways. 123
Due to the amount of effort required to manually analyze crosstalk across multiple pathways, we 124 conducted a pathway enrichment analysis on three pathway databases (i.e., KEGG, ( evaluated the over-representation of the genes present in HemeKG for each of the pathways in the 128 three aforementioned databases using Fisher's exact test (Fisher, 1992) . Furthermore, Benjamini-129
Yekutieli method under dependency was applied to correct for multiple testing (Yekutieli and  130 Benjamini, 2001). Manual inspection of the enrichment analysis results revealed that the "Toll-like 131 receptor signaling pathway" was the most enriched pathway in Reactome and WikiPathways, and the 132 third most enriched in KEGG ( Supplementary Table 1 ). Therefore, this pathway was selected for 133 study in the subsequent investigation. 134
First, the three different representations of this pathway were downloaded from each database and 135 converted to BEL using PathMe (Domingo-Fernández et al., 2019). Next, the three BEL networks 136
were combined with the HemeKG network highlighting their overlaps (Supplementary Figures 1,  137 2) in order to specifically analyze these parts of the combined network. Finally, five experts in the 138 field reconstructed the hypothesized pathways from the combined network. The hypothesized 139 pathways were depicted following the guidelines for scientific communication of biological networks 140 outlined by Marai et al. (2019) . 141
3
Results 142
Building a mechanistic knowledge graph around heme biology in the context of hemolytic 143 disorders 144
We introduce the first knowledge graph made publicly available to the biomedical and bioinformatics 145 community specifically concerned with heme biology generated using the procedure outlined in the 146
Methods Effenberger-Neidnicht and Hartmann, 2018). All of these pathologies are known to be interconnected 155 and mapping them in relation to heme is promising for the discovery of yet overlooked links. 156
Following the guidelines outlined in the Methods Section, knowledge was extracted and encoded 157 from each of these articles using Biological Expression Language (BEL) due to its ability to 158 represent not only causal, but also correlative and associative relationships found in the literature as 159
well as corresponding provenance and experimental contextual information. as contextual information ranging from cellular and anatomical localization to different states of the 165 heme molecule (Supplementary Figure 1) . Annotations such as time point and concentration 166 enabled us to capture time dependencies between entities. By using this contextual information and 167 the multiple biological scales presented in the model, we have not only been able to represent a part 168 of heme's interactome (Figure 2) , but also established several links to phenotypes and clinical 169 endpoints. Both represent essential considerations for the design of future clinical studies of 170 hemolytic conditions. 171
Finally, to facilitate the use of the curated content in this work, BEL documents are bundled with a 172 dedicated Python package that facilitates direct access to the content, provides conversion utilities 173 and allows for network exploration. Both the BEL documents and the Python package are available 174 at https://github.com/hemekg/hemekg. 175
Curating a supporting heme ontology 176
The specificity of our work, together with the lack of contextual terminologies related to heme 177 biology, prompted us to generate a supporting ontology focused on heme. It contains over 50 terms 178 which delineate heme-related biological processes (11), abundances (31), and pathologies (9) that 179
had not yet been included in other standard resources such as Gene Ontology (GO; Ashburner et al., 180 2000) . Building this ontology not only allowed us to describe entities with more expressiveness but 181 also facilitates text mining or annotation tasks related to the heme molecule in the future. The 182
ontology is available at https://github.com/hemekg/ontology. 183
Dissection of the crosstalk between heme and TLR using HemeKG 184
The established heme knowledge graph can be used to study the crosstalk of heme biology in 185 hemolytic disorders with a pathway of interest. In order to select a pathway which highly overlaps 186
with the generated network, we conducted pathway enrichment analysis using three major databases 187 (i.e., KEGG ( We first investigated the consensus of the three different representations of the TLR4 signaling 204 pathway ( Figure 3A) . We observed that, overall, all three representations share a high degree of 205 consensus as illustrated in Figure 3B . Here, we would like to point out that while KEGG and 206
Reactome present practically alike representations, the WikiPathways representation exhibits slight 207 differences. These differences and complementarities between pathways provide us with more 208 comprehensive views of the studied pathway as illustrated by our previous work (Domingo-209 Fernández et al., 2019). 210
Secondly, in order to study the overlap between TLR4 signaling pathway and heme biology, we 211 overlaid the consensus network of the pathway with HemeKG (Figure 4) . Superimposing both  212  networks revealed that MyD88, TAK1, IKK complex, MAP kinases, TNF, NF-κB, TRIF, and IRF3  213 were present in all three databases as well as in our model. However, several effector molecules, 214 which were found in the three databases, were not found in our heme knowledge graph (HemeKG), 215 e.g., IRAK1, 2, and 4, TRAF6, TAB1-3, and others (Figure 4A) . Thus, we searched literature reports 216
for specifically these effectors in the context of heme signaling by entering the respective queries in 217
PubMed, as this knowledge might not have been sufficiently covered by the 40 original research 218 articles selected to establish HemeKG. 219
The activation profile for labile heme as an extracellular signaling molecule through TLR4 was 220 suggested to be similar to the one established via LPS as signaling molecule from standard pathway 221
databases Figure 4) . MyD88 protein as an 225
adaptor has been shown to interact with IRAK (interleukin-1 receptor-associated kinase) proteins 1, 226 2, and 4 to start the signaling cascade involving TNF receptor associated factor 6 (TRAF6), which is 227 known to activate lkappaB kinase (IKK) in response to pro-inflammatory cytokines. However, in our 228 heme knowledge graph the connections between IRAKs, TRAF6, and TAB proteins were missing 229 (Figure 4A) . By taking a closer look at these effectors in the context of heme, we found various 230
information for e.g., TRAF6 indicating both a direct and indirect link to heme-induced signaling via 231
TLRs In contrast, other effector molecules such as IRAK and TAB proteins (Fig. 4) were not 233 described in heme signaling so far. These findings led us to refine HemeKG in such a way that only 234 those signaling components for which no clear evidence was found still remain white spots on the 235 map ( Figure 4B) . 236 In addition, the preceding discussion has excluded parameters such as the concentration of labile 237 heme available in the respective environment. This aspect will be particularly important if distinct 238 signaling pathways that may be triggered are dependent on or determined by the concentration of 239 heme. At lower concentrations of heme, TLR4 signaling has been described to be CD14 dependent, 240
whereas by which heme/TLR4 induced TRAF3 and, in turn, IRF3/7 activation leads to the secretion of IFN-α 248 and CXCL10 is not yet fully understood adding this pathway to the white spot section of the map 249 ( Figure 4B) . Finally, also the introduction of non-canonical pathways and receptor crosstalk-250 triggered cascades go beyond the scope of this work, opening opportunities for future studies on 251 heme signaling. 252 253 4 Discussion 254
We have presented HemeKG, a first of its kind mechanistic model in the context of heme biology, 255
that provides a first approach to comprehensively summarize heme-related processes by bringing 256 knowledge from disparate literature together. Furthermore, we have demonstrated how combining the 257 knowledge from the heme knowledge graph with information available in pathway databases 258
provides new insights into the network of interactions that regulate heme pathophysiology. 259
Since HemeKG was curated using standard ontologies, its content can be linked to the majority of 260 public databases. Therefore, enriching the HemeKG network with external data or incorporating its 261 integrated knowledge into other resources is foreseeable. Furthermore, the variety of formats that our 262 resource can be converted to also facilitates its use by other systems biology tools such as Cytoscape 263 (Shannon, 2003) and NDEx (Pratt et al., 2015) . In summary, the characteristics of HemeKG not only 264 make this resource suitable for hypothesis generation as presented in our case scenario but also for 265
clinical decision support as previously demonstrated with other systems biology maps (Ostaszewski 266 et al., 2018) . For instance, computational mechanistic models are currently being used in 267 combination with artificial intelligence methods for a variety of predictive applications ( sepsis. Finally, the supporting ontology built during this work could be used for a broad range of 272 applications from data harmonization to natural language processing. 273
A potential limitation of this study is that it is constrained to a specific literature corpus as we are 274 aware that the presented knowledge graph only captures a part of a much larger interaction network. 275
This tends to be a common challenge when constructing contextualized maps and is further 276 compounded by the difficulty in assessing the coverage of a network. Furthermore, the bias in the 277 scientific community against publishing negative results must also be acknowledged. focusing on the crosstalk between heme biology and the Toll-like receptor signaling pathway has 287
shed some light on how this crosstalk could be related to heme biology. However, other well-known 288 pathways related to heme also exist that could be investigated by conducting similar analyses in the 289 future. 290
Data availability 291
The datasets and scripts of this study can be found at https://github.com/hemekg. 292 5
Conflict of Interest 293
The authors declare that the research was conducted in the absence of any commercial or financial 294 relationships that could be construed as a potential conflict of interest. 295 
